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Exposure to extreme heat is the leading cause of weather-related fatalities in the United 
States. The National Weather Service employs the Heat Index to assess environmental heat 
stress, and many epidemiological studies use air temperature. Wet bulb globe temperature 
(WBGT) is increasingly utilized in occupational health and athletic safety to assess heat stress, as 
it incorporates not only air temperature and humidity, but also the effects of wind speed and 
radiation. Using death records from North Carolina for 2000-2016, this study identifies the 
relationships between mortality and three heat stress indicators: air temperature, the Heat Index, 
and WBGT. These relationships are compared across climatically and demographically diverse 
regions of the state. Notable regional differences are identified in the character of the 
relationships, with urban regions having the highest heat-health burden. Models utilizing WBGT 
to predict excess mortality were more robust than models utilizing either air temperature or the 
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Heat is the leading cause of weather-related death in the United States (NOAA, 2018). 
The existing threat to human health posed by extreme temperatures is being further compounded 
by ongoing and projected increases in temperatures associated with anthropogenic climate 
change. Underscoring this threat, the 2018 US National Climate Assessment highlights the 
increasing frequency and duration of heatwaves in the US since the 1960s, with the average 
annual temperature in the US having increased by 1.2°F from 1986-2016, and a projected further 
increase of 2.5°F from 2021-2050 (Vose, Easterling, Kunkel, LeGrande, & Wehner, 2017). For 
the Southeastern United States, as established in the 3rd National Climate Assessment, 
increasing temperature is more certain than changes in precipitation. These increases will be 
greater in many urban areas, worsening the urban heat island effect (Carter et al., 2014). 
1.1 Heat Stress Overview 
The effect of heat on human health has been subject to significant study, leading to a 
thorough understanding of the physiological causes of heat stress and heat stroke, along with the 
health conditions engendering vulnerability to heat such as cardiovascular and respiratory 
disease (S. Gosling et al., 2009; R. Sari Kovats & Hajat, 2008). Human body temperature 
responds to numerous environmental factors, all of which act concurrently to impact the level of 
heat stress experienced. Heat is generated internally by metabolic rate, which is dependent upon 
factors such as age, fitness, and activity. The primary mechanisms through which the human 
body cools itself includes the evaporation of sweat off the surface of the skin, conduction 
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through contact with clothing and surfaces, respiration, direct convection from skin to air, and 
radiation to nearby surfaces. Environmental variables are integral in determining the rate at 
which the body can cool itself via these means, and by the inverse, determine the rate at which 
the body warms due to environmental heat exposure. 
Environmental variables that affect the body’s ability to dissipate heat include air 
temperature, relative humidity, vapor pressure, wind speed, and direct and diffuse radiation. Heat 
stress indices are used to indicate the degree of danger posed by various combinations of these 
variables. One example of these indices is the Heat Index. The Heat Index is used across warm 
humid regions, such as the eastern United States, and incorporates both the effect of air 
temperature and relative humidity on human body temperature. While numerous heat stress 
indices have been developed, the reliability of heat stress indices to appropriately define 
conditions as dangerous in varying environments has proved challenging, leading to no 
universally accepted index for heat risk assessment (Brake & Bates, 2002). 
Understanding the utility of different heat stress indices in predicting negative health 
outcomes is crucial for effective implementation of Heat-Health Warning Systems (HHWS). 
HHWS link weather forecasts, specifically forecasts of dangerous heat, with public health 
messaging and action to prevent negative health outcomes associated with excessive 
environmental heat exposure (R. Sari Kovats & Kristie, 2006). There are several qualifiers of an 
“effective” HHWS, two of which are accurate forecasts of dangerous heat and robust 
understandings of the relationships between heat and health outcomes at the population-level (R. 
Sari Kovats & Kristie, 2006). For the latter, previous studies have investigated the relationships 
between both morbidity and mortality with respect to air temperature (Quinn & Shaman, 2017; 
Sugg, Konrad, & Fuhrmann, 2016), the Heat Index (Quinn et al., 2014), and synoptic scale 
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classification  (Ebi, Teisberg, Kalkstein, Robinson, & Weiher, 2004; Hondula, Vanos, & 
Gosling, 2014; Oleson et al., 2015; Sheridan & Dolney, 2003). However, all three of these 
indicators of potential heat stress are somewhat incomplete since they do not fully account for 
the thermal environmental variables that impact human body temperature. Thus, there is a 
distinct need for determining the ability of heat stress indices that incorporate more thermal 
environmental variables to predict health outcomes, specifically the wet bulb globe temperature 
(WBGT) (Brake & Bates, 2002; Budd, 2008; Lemke & Kjellstrom, 2012; Yaglou & Minard, 
1957). Comparing the ability of WBGT to predict health outcomes relative to commonly used 
metrics will inform future efforts to improve the identification of dangerously hot days and 
implement more robust HHWS.  
In the US, the NWS is the agency tasked with the issuance of heat advisories and extreme 
heat warnings. The criteria that must be met for the issuance of these forecast products is based 
on the Heat Index values. The Heat Index accounts for the effect of air temperature and 
humidity, with the safety guidelines for different Heat Index values based on the combined effect 
of these two variables on body temperature (Rothfusz, 1990). Originating out of work by Robert 
G. Steadman in 1979 (Steadman, 1979), the US NWS developed the current methodology for 
calculating the Heat Index (Rothfusz, 1990). For a heat advisory or extreme heat warning to be 
issued, specific criteria, or threshold values, must be exceeded, with the NWS national 
procedural guidance calling for a heat advisory when Heat Index values are higher than 105°F 
and an extreme heat warning when Heat Index values are higher than 110°F (NWS Instruction 





Table 1: NWS criteria for a heat advisory and excessive heat warning.  
The use of the Heat Index for heat advisories and warnings has been critiqued on several 
grounds. First, given the wide-ranging differences in climate and acclimatization to heat across 
the United States, the national procedural guidance for issuing heat products has been criticized 
for not being location-specific, and thus local NWS offices, of which there are 122, have been 
encouraged to tailor the national guidance to their forecast region (Hawkins, Brown, & Ferrell, 
2017). This recommendation better aligns the current NWS warning system for dangerous heat 
with the aforementioned criteria of effective HHWS, specifically with respect for the need to 
identify dangerous conditions based on locally-developed criteria (R. Sari Kovats & Kristie, 
2006). However, the adoption of localized criteria for the basis of issuing heat advisories and 
extreme heat warnings has not been uniform. As of 2017, 45% of weather forecasting offices 
adhered to the Heat Index thresholds set forth in the NWS national procedural guidance, with 
49% having revised these national guidelines to tailor them to the region of the United States for 
which they are forecasting (Hawkins et al., 2017). In North Carolina, only the Raleigh, North 
Carolina NWS Office, covering 31 counties, and Wakefield, Virginia NWS Office, covering 10 
counties, have revised the national criteria for issuing heat products. 
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The Heat Index has also been criticized for not incorporating the entire suite of 
environmental variables that impact human body temperature. Specifically, the Heat Index fails 
to account for the effect of solar radiation and wind speed on human body temperature. While 
the Heat Index does incorporate the general effect of air temperature, its calculation is based on 
air temperature measured in the shade, specifically by a thermometer in a naturally ventilated 
radiation shield. Thus, the Heat Index fails to account for all environmental variables impacting 
human body temperature and does not assess thermal stress in direct sunlight. However, wet bulb 
globe temperature (WBGT) addresses both of these concerns and is the focus of this study.  
1.2.  Wet Bulb Globe Temperature (WBGT) 
In the 1950s the heat stress index known as WBGT was developed by the United States 
military for application at military training camps (Yaglou & Minard, 1957). WBGT is an 
improvement on existing heat stress measures due to its three constituent components, the globe 
temperature, natural wet bulb temperature, and the dry-bulb temperature, which together account 
for the effect of air temperature, humidity, wind speed, and solar radiation on human body 
temperature (Budd, 2008). The globe temperature is measured using a black globe thermometer. 
It serves as a measure of human skin temperature given the effects of direct and diffuse short-
wave radiation, long-wave radiation from the Earth’s surface, and wind speed (Kopec, 1977; 
Liljegren, Carhart, Lawday, Tschopp, & Sharp, 2008). The natural wet bulb temperature is 
measured using a thermometer directly exposed to solar radiation that has a wetted wick wrapped 
around the bulb of the thermometer. This component thus accounts for the cooling effect of 
evaporation on the skin surface by incorporating the environmental variables of wind speed, 
relative humidity, and solar radiation (Budd, 2008; Kopec, 1977; Liljegren et al., 2008; Yaglou 
& Minard, 1957). Lastly, the dry-bulb temperature is simply a measure of ambient air 
6 
 
temperature, with the thermometer being placed in a standard and naturally ventilated radiation 
shield (Liljegren et al., 2008). These three components of WBGT are then summed using the 
following formula and weights, for outdoor environments with solar load: 
(1)    𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 = 0.7𝑁𝑁𝑊𝑊𝑊𝑊 +  0.2𝑊𝑊𝑊𝑊 +  0.1𝐷𝐷𝑊𝑊, 
where NWB is the natural wet bulb temperature, GT is the globe temperature, and DB is the 
dry-bulb temperature. 
Based on the inclusion of a wet bulb and globe thermometer, and thus accounting for 
cooling through sweat evaporation, wind, and the effects of radiation, WBGT improves on 
simpler heat stress indices, such as Heat Index, which only accounts for the effects of air 
temperature and humidity on body temperature (Budd, 2008). However, WBGT has several 
drawbacks, specifically the high cost of the globe thermometer (D’Ambrosio Alfano, Malchaire, 
Palella, & Riccio, 2014), technical training needed for proper use (D’Ambrosio Alfano et al., 
2014), and the lag in response time of the globe thermometer to rapidly changing environmental 
conditions (Kopec, 1977; Lundgren, Kuklane, & Venugopal, 2014). Answering these drawbacks 
of direct field measurement, empirical models have been developed that are able to estimate 
WBGT using commonly measured meteorological variables at weather stations (Liljegren et al., 
2008), specifically air temperature, dewpoint temperature, wind speed, solar radiation, and 
barometric pressure. While numerous empirical models exist, the empirical model developed in 
Liljegren et al. (2008) has been identified as the most accurate (Lemke & Kjellstrom, 2012). The 
utility of this model is seen not only directly in its accuracy of estimating WBGT, with an error 
of roughly 1 degree Celsius (Liljegren et al., 2008), but also in the fact that the derived equations 




Lastly, guidelines have been developed to prevent ill health impacts from heat based on 
WBGT values. Specifically, there are four WBGT flags that correspond to increasing danger of 
heat exposure: green flag (82-84.9°F), yellow flag (85-87.9°F), red flag (88-89.9°F), and black 
flag (>=90°F) (Table 2). The following chart based on the guidelines used by the North Carolina 
High School Athletic Association serves as an example: 
 
Table 2: WBGT Safety Guidelines from the North Carolina High School Athletic Association 
(WBGT Index and Athletic Activity Chart, 2017). 
 
1.3.  Significance of Research 
The research presented in this master’s thesis addressing the relationships between heat 
stress indices and health outcomes is significant for four reasons. First, there has been limited 
research in relating WBGT to health outcomes at a population-level. Second, despite the lack of 
research linking WBGT values to population-level health outcomes, WBGT is the recommended 
method for assessing and managing workplace heat stress by the United States Occupational 
Safety and Health Administration (OSHA, 2017), and is recommended outside the United States 
for occupational environments by the International Organization for Standardization (ISO, 2017). 
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Thus, the need for further understanding the link between health and WBGT values is readily 
apparent and would have wide implications. The recent recommendations for WBGT to be used 
in occupational settings has also coincided with new requirements for measuring WBGT by state 
high school athletic associations in the US, and athletic practices halted or modified based on 
those readings, such as in the state of Georgia (Grundstein, Williams, Phan, & Cooper, 2015). 
Most recently, the NC High School Athletic Association began requiring WBGT measurements 
to determine if conditions are safe for football practices effective for the 2017-2018 academic 
year (NCHSAA, 2016). 
Third, investigating the potential of utilizing WBGT over the Heat Index for warning 
systems would enable more robust and individualized heat risk assessments. WBGT can provide 
improved individualized heat risk assessments because of the developed guidelines associated 
with each WBGT flag category for different populations. In addition to the guidelines for 
athletes (Table 2), another example of this is the guidelines for children and adolescents, one 
uniquely vulnerable group to negative health effects from heat exposure (Committee on Sports 
Medicine and Fitness, 2000).  
Lastly, understanding the relationships between heat and health are crucial given the 
projected climatic changes over the next century. As a result of climate change, heat waves are 
expected to increase in frequency, severity, and duration (Meehl & Tebaldi, 2004). There has 
been research investigating expected WBGT under future climate with the use of general 
circulation models that identified significant increases in the number of days with WBGT values 
exceeding the most extreme WBGT flag category (Grundstein, Elguindi, Cooper, & Ferrara, 
2013). Furthermore, the eastern United States has been identified as one region of the world that 
could experience some of the largest increases in wet bulb temperatures (Coffel, Horton, & De 
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Sherbinin, 2018). However, before assessing the magnitude of future health impacts based on 
projected WBGT values, there is a need for understanding the ability of WBGT to predict 
population-level health outcomes presently.  
The research presented in this thesis identifies the relationships between heat stress 
indices and mortality (Chapter 2) across North Carolina. The investigation into the relationships 
between heat stress indices and mortality is based on analyzing death records from the entire 
state of North Carolina from 2000-2016 during the heat season (May 1 – September 30). 
Specifically, the relationships between four types of mortality (all-cause, cardiovascular, 
respiratory, and renal) and three heat stress indicators, air temperature, Heat Index, and WBGT, 
are defined and compared to one another. Overall, the research presented here is focused on 
comparing the relative ability of each heat stress indicator to model the relationship between 
mortality and temperature, in addition to a focus on characterizing regional differences across the 
















RELATIONSHIPS BETWEEN TEMPERATURE AND MORTALITY 
2.1 Introduction 
Environmental exposure to heat has been identified as an increasingly prominent public 
health concern, with heat being the leading cause of weather-related death (NOAA, 2018). 
Previous studies have acknowledged the importance of understanding the effects of extreme heat 
on humans given the rising temperatures associated with climate change (Luber & McGeehin, 
2008; McMichael, Woodruff, & Hales, 2006; Patz, Campbell-Lendrum, Holloway, & Foley, 
2005). The most crucial aspect of safeguarding health during heat waves is the apt 
implementation of heat-health warning systems (HHWS) that accurately assess the threat of heat 
and promptly issue alerts (Hajat et al., 2010; Hondula, Vanos, & Gosling, 2014). The first step in 
implementing an HHWS is choosing the heat stress index used as the basis for estimating heat 
exposure, and thus the risk of heat-related morbidity and mortality.  
Previous studies have investigated the relationships between both morbidity and mortality 
with respect to air temperature (Quinn & Shaman, 2017; Sugg et al., 2016), the Heat Index 
(Quinn et al., 2014), and synoptic scale classification (Ebi et al., 2004; Hondula et al., 2014; 
Sheridan & Dolney, 2003; Urban & Kyselý, 2015). All three of these indicators of heat stress are 
somewhat incomplete since they do not account for the impacts of radiation and ventilation (i.e. 
wind speed) on heat dissipation, which are incorporated into other heat stress indices such as the 
wet bulb globe temperature (WBGT) (Brake & Bates, 2002; Budd, 2008; Lemke & Kjellstrom, 
2012; Yaglou & Minard, 1957).  
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There is growing consensus on the utility of WBGT as a heat stress index, with 
measurements now required for industrial and outdoor work environments both within the 
United States, specifically by the United States Occupational Safety and Health Administration 
(OSHA, 2017), as well as internationally, with recommendations from the International 
Organization for Standardization (ISO, 2017). Furthermore, various state high school athletic 
associations in the United States are now requiring that WBGT measurements be made to 
determine if conditions are safe enough for practice (Grundstein et al., 2013), with this 
requirement being effective in NC as of the 2017-2018 academic year (NCHSAA, 2016).   
While WBGT incorporates all environmental variables affecting heat stress and it is 
increasingly used in heat-safety protocols for workers and athletes, limited research has been 
conducted on the degree to which WBGT can predict health outcomes. For example, Vaneckova 
et al. (2011) compared the utility of predicting mortality with a variety of heat stress indices, 
such as WBGT, finding that WBGT did not offer significant improvement in predicting mortality 
relative to simpler measures of heat (Vaneckova et al., 2011). 
The lack of existing research on WBGT as a predictor of health outcomes is the large 
impetus for this paper. Using North Carolina death records for the heat season (May 1 – Sep. 30) 
from 2000-2016, this paper identifies the relationship between maximum daily air temperature, 
Heat Index, and WBGT across four types of mortality: all-cause, cardiovascular, renal, and 
respiratory. The latter three causes of death were chosen for this analysis due to existing 
literature that has highlighted strong associations of these mortalities with heat (Kovach, Konrad, 
& Fuhrmann, 2015; M. Li, Gu, Bi, Yang, & Liu, 2015; Michelozzi et al., 2009; Páldy, Bobvos, 
Vámos, Kovats, & Hajat, 2005; Semenza, McCullough, Flanders, McGeehin, & Lumpkin, 1999; 
Song et al., 2017). Previous research on heat-health relationships in North Carolina has focused 
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on morbidity (Sugg et al., 2016), however, this research, as far as we know, is the first to analyze 
relationships between heat, mortality, and WBGT in North Carolina.  
This research is aimed at answering the following questions: (1) How do the relationships 
between all-cause mortality and the three heat stress metrics of air temperature, the Heat Index, 
and WBGT, compare to one another? (2) Which measure provides the most robust predictor of 
excess all-cause mortality due to heat? (3) How does the character of these relationships between 
all-cause mortality and the three heat stress metrics vary across climatically and 
socioeconomically diverse regions of North Carolina? (4) Do the overall relationships and 
regional variations in relationships between heat and all-cause mortality differ from the 
relationships between heat and respiratory-, renal-, and cardiovascular-related mortality?  
2.2 Data and Methods 
2.2.1. Population and Mortality Data 
Death records for 2000-2016 for the entire state of North Carolina were obtained from the 
North Carolina Vital Records at the North Carolina Department of Public Health. The 
relationships between heat and specific causes of death, in addition to all-cause mortality, were 
investigated based on the 10th revisions of the international classifications of diseases (ICD). The 
specific causes of death and associated ICD10 codes were: cardiovascular (ICD9, 390-459.9; 
ICD10, I00-I99), respiratory (ICD9, 460-519.9; ICD10, J00-J99), and renal (ICD9, 580-599.9; 
ICD10, N00-N99). For a death record to be associated with one of these specific causes of 
deaths, at least one of the ICD codes were listed as one of the causes of death.  
In order to represent mortality as a rate, county-level population data was utilized. The 
population data was obtained from the North Carolina State Demographer’s Office at the Office 
of State Budget and Management. This data included county-level, mid-year population 
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estimates broken down by age and race for each year in the study period (North Carolina State 
Demographer, 2018). Along with this population data, the population-weighted centroid for each 
county from the 2010 US Decennial Census was required to calculate distances between counties 
and weather stations (U.S. Census Bureau, 2010). 
2.2.2. Meteorological Data 
 The meteorological data utilized in this study was gathered from 114 weather stations 
across NC (Figure 1). Detailed information about each station is included in Appendix A. These 
weather stations included 42 weather stations from the North Carolina Environment and Climate 
Observing Network (ECONet), which is maintained by the North Carolina State Climate Office, 
19 stations from the Automated Surface Observing System (ASOS), maintained by the United 
States National Weather Service, Federal Aviation Administration, and Department of Defense, 
and 53 stations from the Automated Weather Observing System (AWOS), maintained by the 
Federal Aviation Administration. All weather station data were retrieved via the Climate 
Retrieval Observations Network of the Southeast Database housed at the North Carolina State 
Climate Office (NC CRONOS).  
 
Figure 1: Map of weather stations utilized across North Carolina. The red, blue, and green dots 
correspond to weather stations on the ASOS, AWOS, and ECONet networks, respectively.  
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Each weather station provided the following hourly meteorological observations for the 
heat season (May 1- September 30): pressure (mb), ambient air temperature, dew point 
temperature, relative humidity (%), wind speed (m/s), and either solar radiation (w/m2), which is 
recorded by stations on the ECONet network, or cloud cover (%), which is recorded by stations 
on the ASOS and AWOS networks. Lastly, each hourly weather observation contained a quality 
check flag specifying whether the observation passed or failed the QA/QC process of the 
respective network. All observations that failed QA/QC were not included in the analysis.  
2.2.3. Heat Index Calculation 
The Heat Index was calculated using the following equation from the United States 
National Weather Service (The Heat Index Equation), where T is equal to air temperature 
degrees Fahrenheit and RH is equal to relative humidity (%): 
(2)    0.5 ∗ {𝑊𝑊 + 61.0 + [(𝑊𝑊 − 68) ∗ 1.2] + (𝑅𝑅𝑅𝑅 ∗ 0.094)}. 
The result from Equation 2 is then averaged with the air temperature. For the Heat Index values 
greater than 80 degrees Fahrenheit, the following equation is used in place of Equation 2:  
(3)    𝑅𝑅𝐻𝐻 =   −42.379 + 2.04901523 ∗ 𝑊𝑊 + 10.14333127 ∗ 𝑅𝑅𝑅𝑅 − 0.022475541
∗ 𝑊𝑊 ∗ 𝑅𝑅𝑅𝑅 − 0.00683783 ∗ 𝑊𝑊2 − 0.05481717 ∗ 𝑅𝑅𝑅𝑅2 + 0.00122874
∗ 𝑊𝑊2 ∗ 𝑅𝑅ℎ + 0.00085282 ∗ 𝑊𝑊 ∗ 𝑅𝑅𝑅𝑅2 − 0.00000199 ∗ 𝑊𝑊2 ∗ 𝑅𝑅𝑅𝑅2  
If relative humidity is less than 13% and the air temperature is between 80°F and 112°F, the 
following is subtracted from the Equation 3: 
(4)    �
13 − 𝑅𝑅𝑅𝑅
4
� ∗  
�17 − 𝐴𝐴𝑊𝑊𝐴𝐴(𝑊𝑊 − 95)
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If relative humidity is greater than 85% and the air temperature is between 80°F and 87°F, the 
following is added to Equation 3: 
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(5)    �
𝑅𝑅𝑅𝑅 − 85
10




2.2.4. WBGT Estimation 
Since WBGT is not routinely measured at weather stations, hourly WBGT values were 
estimated. The methodology developed in Liljegren et al. (2008) and provided in the R package 
“wbgt” was utilized to estimate WBGT (Lieblich & Spector, 2017). The Liljegren methodology 
was employed since this empirical model for estimating WBGT from weather station data has 
proved to be the most robust in comparative studies, such as in Lemke & Kjellstrom (2012).   
WBGT requires solar radiation for its estimation. Since weather stations on the ASOS 
and AWOS networks record percentage cloud cover instead of solar radiation, percentage cloud 
cover was converted to solar radiation (w/m2). ASOS and AWOS stations report cloud cover at 
multiple levels with the following cloud amounts and corresponding cloud cover percentages: 
clear (0% - 5%], few (5% - 10%], scattered (25% - 50%], broken (50% - 87%], and overcast 
(87% - 100%] (National Oceanic and Atmospheric Administration, Department of Defense, 
Federal Aviation Administration, & United States Navy, 1998).  
At each height above ground level with recorded cloud amounts, the reported cloud 
amount was converted into one percentage cloud cover value. Overcast conditions were coded as 
100% cloud cover and the percentage cloud cover for other cloud amounts was the middle of the 
ranges provided above: clear (2.5%), few (7.5%), scattered (37.5%), broken (68.5%), and 
overcast (100%). For each hourly observation, the total percentage cloud cover was the average 
of the percentage cloud cover across all levels that had a reported cloud amount. 
Once the conversion to cloud cover percentage for each ASOS and AWOS observation 
was complete, the maximum possible solar radiation for each observation was calculated and 
then modified by the percentage cloud cover to derive estimated solar radiation. Calculating 
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maximum possible solar radiation required the solar zenith angle corresponding to each 
observation, which was calculated using the coordinates and elevation of each weather station. 
The conversion from cloud cover to solar radiation employed the Ryan-Stolzenbach model to 
estimate hourly clear sky insolation (w/m2). This is the maximum possible solar insolation in the 
absence of cloud cover, with an assumed atmospheric turbidity coefficient of 0.75 (Harleman & 
Stolzenbach, 1972). The maximum possible solar radiation for each hourly observation was then 
modified by the corresponding cloud cover percentage using the following equation: 
(6)    𝑅𝑅0 ∗ (1 − 0.75𝑛𝑛3.4), 
where n is the cloud cover fraction (0.0-1.0) (Solar Radiation Cloud Cover Adjustment 
Calculator). In order to assess the accuracy of this estimation of hourly solar radiation based on 
cloud cover observations, the results from this conversion from two ASOS and two AWOS 
stations were compared with in situ solar radiation values from closely neighboring ECONet 
stations. This comparison revealed modest difference between estimates and in situ observations. 
The farthest distance between paired ASOS/AWOS and ECONet stations was 6 miles, with the 
rest of the paired stations being within 1.6 miles of each other.  The mean absolute error of the 
estimated vs. measured solar radiation values varied from 92-105 w/m2 across all four 
comparisons. This mean absolute error is significantly smaller than the range of solar radiation 
values observed on a typical summer day, which can be as high as 1000-1200 w/m2. Specific 
details as to the stations used in this comparison, the distance between them, and the mean 




Table 3: The results from comparing estimated solar radiation from cloud cover at ASOS and 
AWOS stations with directly measured solar radiation at neighboring ECONet stations. 
 
Estimating WBGT also requires measurements of wind speed at the 2-meter level. Since 
the standard height of wind speed observations at weather stations is 10 meters, wind speed was 
logarithmically downscaled to 2-meters using the following equation:  
(7)    𝑈𝑈𝑧𝑧 =  𝑈𝑈𝑟𝑟(𝑍𝑍/𝑍𝑍𝑟𝑟)𝑝𝑝, 
where Uz is the mean wind speed at height Z above ground, Ur is the mean wind speed at the 
refence height Zr, and p is the power-law exponent (US EPA, 2000). The power-law exponent 
corresponds to Pasquill stability classes. Pasquill stability classes for each observation were 
determined using the Solar Radiation Delta-T (SRDT) method. SRDT classifies atmospheric 
stability based on observed solar radiation during the day and low-level vertical temperature 
difference at night (US EPA, 2000). Lastly, the anemometers installed at stations on the 
ECONet network (Heuser, Sims, McGuire, Dinon Aldridge, & Boyles, n.d.) and the 
anemometers installed at stations on the ASOS and AWOS networks (National Oceanic and 
Atmospheric Administration et al., 1998) have a threshold of 1 meter per second. Thus, wind 
speeds slower than 1 meter per second are observed as calm. Following Liljegren et al. 2008, 
all wind speed observations less than this anemometer threshold of 1 meter per second were 
increased to 1 meter per second. 
18 
 
 After deriving estimated solar radiation for stations on the AWOS and ASOS weather 
station networks and logarithmically downscaling 10-meter wind speeds to 2-meter wind speeds, 
the WBGT for each observation was estimated with the following formulas for the natural wet 
bulb temperature (𝑊𝑊𝑤𝑤) and black globe temperature (𝑊𝑊𝑔𝑔) from Liljegren et al. 2008:  











� +  ∆ 𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛
𝐴𝐴 ℎ
 , 
where  𝑊𝑊𝑤𝑤 is the temperature of the wick, 𝑊𝑊𝑎𝑎 is ambient temperature, ∆𝑅𝑅 is the heat of 
vaporization, 𝐶𝐶𝑝𝑝 is the specific heat at a constant pressure, 𝑀𝑀𝐻𝐻2𝑂𝑂 is the molecular weight of water 
vapor, 𝑀𝑀𝐴𝐴𝐴𝐴𝑟𝑟 is the molecular weight of the air, 𝑃𝑃𝑃𝑃 is the Prandtl number, 𝐴𝐴𝑆𝑆 is the Schmidt 
number, 𝑎𝑎 is a constant equal to 0.56, 𝑒𝑒𝑤𝑤 is the saturation vapor pressure of the wick, 𝑒𝑒𝑎𝑎 is the 
saturation vapor pressure of the air, 𝑃𝑃 is the barometric pressure, ∆ 𝐹𝐹𝑛𝑛𝑒𝑒𝑛𝑛 is the net radiant heat 
flux from the environment to the wick, 𝐴𝐴 is the surface area of the wick, and ℎ is the convective 
heat transfer coefficient.  
 The formula for the black globe temperature is given in Equation 9: 
(9)    𝑊𝑊𝑔𝑔4 =  
1
2
(1 +  𝜀𝜀𝑎𝑎)𝑊𝑊𝑎𝑎4  −   
ℎ
𝜀𝜀𝑔𝑔𝜎𝜎
 �𝑊𝑊𝑔𝑔 −  𝑊𝑊𝑎𝑎� 
+ 𝑆𝑆
2𝜀𝜀𝑔𝑔𝜎𝜎
�1 −  𝛼𝛼𝑔𝑔� [ 1 + �
1
2cos(𝜃𝜃)
− 1� 𝑓𝑓𝑑𝑑𝐴𝐴𝑟𝑟 + 𝛼𝛼𝑠𝑠𝑠𝑠𝑆𝑆 ] , 
where 𝑊𝑊𝑔𝑔 is the black globe temperature, 𝜀𝜀𝑎𝑎 is the emissivity of the air, ℎ is the convective heat 
transfer coefficient, 𝜀𝜀𝑔𝑔 is the emissivity of the globe, 𝜎𝜎 is the Stefan-Boltzmann constant, 𝑊𝑊𝑎𝑎 is 
the ambient temperature, 𝐴𝐴 is the total horizontal solar irradiance, 𝛼𝛼𝑔𝑔 is the ground albedo, 𝜃𝜃 is 
the solar zenith angle, and 𝑓𝑓𝑑𝑑𝐴𝐴𝑟𝑟 is the fraction of total horizontal solar irradiance which is direct 
19 
 
beam radiation, 𝛼𝛼𝑠𝑠𝑠𝑠𝑆𝑆 is the albedo of the surface. Lastly, Liljegren et al. 2008 provide default 
values for 𝜀𝜀𝑔𝑔,𝛼𝛼𝑔𝑔,𝛼𝛼𝑠𝑠𝑠𝑠𝑆𝑆 also used here, which were 𝜀𝜀𝑔𝑔 = 0.95, 𝛼𝛼𝑔𝑔 = 0.05, 𝛼𝛼𝑠𝑠𝑠𝑠𝑆𝑆 = 0.45.  
2.3 Analysis 
The hourly meteorological data were used to calculate a daily time series of heat stress 
indices, specifically maximum air temperature, Heat Index, and WBGT for each weather station. 
Details on the distribution of the daily maximums of these heat stress indicators within each 
region is provided in Appendix B. To quantify the cumulative effect of extreme heat on 
mortality, lags of these daily statistics were calculated, specifically lagged daily statistics for 1-6 
days, as well as three-day averages of these statistics.  
Daily counts of all-cause mortality and the specific causes of death under investigation 
here (e.g. respiratory, cardiovascular, and renal) were created at the county-level. Specifically, 
the county of residence listed on each death record was utilized to calculate daily counts of each 
mortality type for each county. The daily time series of heat stress indices were then date-
matched with the daily mortality counts. Each county was assigned the daily heat stress metrics 
from the closest weather station to the population-weighted centroid of each county, which was 
based on Euclidean, or straight-line, distance. The population-weighted centroid was based on 
the 2010 US Decennial Census (U.S. Census Bureau, 2010). Missing data in the daily time series 
of heat stress indices were filled with data from the second closest weather station.  
Kovach et al. (2015) and Sugg et al. (2016) found significant regional differences in heat-
related illness (HRI) between (1) the mountainous western part of North Carolina and the eastern 
coastal plain and (2) between rural and urban areas of the state. Therefore, counties in North 
Carolina were grouped based on the region of the state (Mountains, Piedmont, and Coastal Plain) 
and then with respect to population density (rural and urban) (Figure 2). Thus, five county 
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regions were created, with three rural regions (Mountains, Rural Piedmont and Rural Coastal 
Plain) and two urban regions (Urban Piedmont and Urban Coastal Plain). The Urban Piedmont 
includes the Charlotte Metropolitan area, the Triangle region (Raleigh-Durham, NC), and the 
Triad region (Greensboro, NC). The Urban Coastal Plain includes the five counties with the 
highest population in the Coastal Plain region, including Wilmington, NC. 
 
Figure 2: The five county regions of North Carolina. 
2.3.1. Statistical Analysis 
The relationships between mortality and three heat stress metrics (air temperature, the 
Heat Index and WBGT) were investigated using Generalized Additive Models (GAM). These 
models are a variant of generalized linear models (GLM) in which the linear predictor is a 
summation of smooth functions of the covariates (Wood, 2017). Further, with epidemiological 
count data, GAMs allow for response variables to follow distributions other than Gaussian, thus 
here the GAMs were modeled using a Poisson distribution (R. S. Kovats, Hajat, & Wilkinson, 
2004; Páldy et al., 2005). 
First, the overall regional relationships between all-cause, cardiovascular-related, 
respiratory-related, and renal-related mortality and the three heat stress metrics were analyzed. 
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Separate GAMs were created to model the relationships between each heat stress metric and 
cause of death, with the dependent variable being the daily counts of each mortality. In order to 
represent these daily counts as rates, each model contained an offset term containing the mid-
year population estimates for each county for each year of the study period.  
Each heat stress metric, and lags of these indicators, were modeled using natural cubic 
splines with 1 degree of freedom per 5 degrees Celsius (R. S. Kovats et al., 2004; B. Li et al., 
2012). The utility of natural cubic splines to model temperature variables in health time series 
analysis has been identified in the literature (Bell et al., 2008; S. Hajat, Kovats, & Lachowycz, 
2007; R. S. Kovats et al., 2004; B. Li et al., 2012; Petkova et al., 2017; Sugg et al., 2016). Each 
GAM included region-specific splines that were calculated to investigate the differences between 
the temperature and mortality relationships across the state. These region-specific splines were 
defined in the model via a tensor product smooth, a smoother of multiple covariates that allows 
for interactions, specifically interaction between the region and temperature variables (Wood, 
2017). Finally, these three GAMs contained terms to control for any seasonality underlying 
short- and long-term trends in the daily mortality counts, including year and day of year. The 
developed models included both the independent effect of these temporal confounders modeled 
using cyclic cubic splines, as well as their interaction modeled via tensor product smooths with 
cyclic cubic splines. Following existing literature, the day of year term was modeled with 3 
degrees of freedom per 6 months (R. S. Kovats et al., 2004; B. Li et al., 2012) and the year term 
was modeled with 1 degree of freedom per year (16 total). Finally, each model included a factor 
variable to account for the effect of federal US holidays on the mortality time series.   
In order to compare the efficacy of each model in defining the relationship between heat 
and the respective mortalities, Akaike Information Criterion (AIC) was utilized. All statistical 
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analysis was conducted using R, and each GAM was fit using the R package “mgcv” (Wood, 
2011). 
2.4 Results 
The sample sizes for each cause of death investigated varied, with 1,272,450 deaths for 
all cause, 535,649 for cardiovascular-related death, 81,967 for renal-related death, and 334,383 
for respiratory-related death. The regional sample sizes for each cause of death is provided in 
Table 4. 
 
Table 4: The total population per county region in the year 2010 and corresponding regional 
sample sizes of each mortality type (all cause, cardiovascular-related, renal-related, and 
respiratory-related). 
 
Overall, the incorporation of one-to-six-day lags and the three-day cumulative average of 
the heat stress metrics did not offer significant improvement over models using no lag, thus the 
results presented here are models without lag. The modeled relationship between daily maximum 
WBGT and all-cause mortality displayed the strongest relationships, (i.e. steepest increase in 
rates at increasing temperatures), for the Urban Piedmont, Urban Coastal Plain, and Mountain 
county regions, with no clear pattern displayed in the Rural Piedmont and Rural Coastal Plain 
(Figure 3). The relationships between all-cause mortality and the Heat Index and air temperature 
were not as clearly nor strongly defined. With respect to WBGT, the increase in all-cause 
mortality for the Urban Piedmont occurs at lower WBGT values relative to the Rural Piedmont. 
Based on AIC comparison of models using one of the three heat stress metrics, the model 
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utilizing WBGT to define the relationship between temperature and all-cause mortality was the 
most robust.  
 
Figure 3: All-cause mortality per 100,000 based on maximum daily air temperature, Heat Index, 
and WBGT. 
 
 As seen with the relationships between WBGT and all-cause mortality, the Urban 
Piedmont experiences increasing cardiovascular-related mortality at lower WBGT values relative 
to the other county regions, and also has the largest overall increase in mortality (Figure 4). For 
WBGT, the relationship with cardiovascular-related mortality in the Urban and Rural Coastal 
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Plain are similar, with increasing mortality at WBGT values greater than 85°F. The relationship 
between temperature and cardiovascular-related mortality in the Rural Piedmont was 
significantly less marked with respect to increasing mortality at increasing temperature relative 
to other regions. Lastly, the overall shape of the relationships between WBGT and 
cardiovascular-related mortality in all regions except the rural piedmont are “J”-shaped, whereas 
the relationships between air temperature, the Heat Index, and cardiovascular-related mortality 
take a “U” shape (Figure 4), which are two characteristic shapes of relationships between heat 
and health (S. N. Gosling et al., 2014). Based on AIC comparison of models using one of the 
three heat stress metrics, the model utilizing WBGT to define the relationship between 




Figure 4: Cardiovascular-related mortality per 100,000 based on maximum daily air 
temperature, Heat Index, and WBGT. 
 
The relationships between the heat stress metrics and renal-related mortality were 
markedly weaker than the relationships with other mortalities (Figure 5). The overall shape of 
the curve, as modeled by Heat Index and WBGT, are similar with a subtle “U”-shaped 
relationship, except for the Urban Piedmont as defined by WBGT, which is characteristically 
“J”-shaped (Figure 5). As seen with all-cause mortality and cardiovascular mortality, the increase 
in renal-related mortality in the Urban Piedmont occurs at lower temperatures than the other 
county regions, especially with respect to WBGT, with increased mortality for WBGT values 
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greater than 84°F (Figure 5). The renal-related mortality and temperature relationships in the 
Rural Coastal Plain, Rural Piedmont, and Mountain county region did not differ from one 
another at a statistically significant level. Lastly, via comparing the AIC of the models, the model 
utilizing WBGT was more robust than models using air temperature or Heat Index.  
 
Figure 5: Renal-related mortality per 100,000 based on maximum daily air temperature, Heat 
Index, and WBGT. 
 
Respiratory-related mortality was best defined by the model utilizing maximum daily 
WBGT based on AIC comparison of all models. The relationship between WBGT and 
respiratory-related mortality in all county regions is characteristically “J”-shaped, with 
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increasing mortality at higher WBGT values (Figure 6). The relationship between WBGT and 
respiratory-related mortality in the Urban Piedmont displays the largest increase in mortality at 
increasing WBGT values, with the most prominent increase in mortality occurring at WBGT 
values greater than 90°F (Figure 6). Lastly, respiratory-related mortality increases in the Rural 
Piedmont at extremely high WBGT values (greater than 93°F-95°F).  
 
Figure 6: Respiratory-related mortality per 100,000 based on maximum daily air temperature, 







2.5 Discussion and Conclusion 
Overall, this study addressed four questions. First, how do the relationships between all-
cause mortality and the three heat stress metrics of air temperature, Heat Index, and WBGT, 
compare to one another? The relationships between the three heat stress metrics and all-cause 
mortality display significant differences, with WBGT defining higher increases in mortality at 
increasing WBGT values relative to air temperature and Heat Index.  
Second, which measure provides the most robust predictor of excess all-cause mortality 
due to heat? When comparing each of the modeled relationships between mortality (all-cause, 
cardiovascular, renal, and respiratory) and the three heat stress metrics, the models utilizing daily 
maximum WBGT were more robust than models using air temperature and Heat Index based on 
AIC comparison. 
Third, how does the character of these relationships between all-cause mortality and the 
three heat stress metrics vary across climatically and socioeconomically diverse regions of North 
Carolina? There were distinct regional differences in the relationships between heat stress 
metrics and mortality, with the Urban Piedmont county region seeing the largest increase in 
mortality at increasing temperature across all types of mortality investigated. WBGT more 
clearly defined this increasing mortality in the Urban Piedmont relative to air temperature and 
Heat Index. With respect to the relationship between all-cause mortality and WBGT, both urban 
county regions, the Urban Piedmont and Urban Coastal Plain, see significantly larger increases 
in mortality relative to their rural counterparts, the Rural Piedmont and Rural Coastal Plain, 
further defining an apparent urban-rural difference in mortality burdens at higher temperatures. 
Previous research in NC has highlighted a pattern of rural areas of the state having significantly 
higher heat-health burdens (Sugg et al., 2016) based on analyzing the relationships between HRI, 
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air temperature, and Heat Index. However, the research presented here focused on mortality 
portrays a slightly different picture, with the largest increases in mortality at higher temperatures 
being within the Urban Piedmont region. 
Fourth, do the overall relationships and regional variations in relationships between heat 
and all-cause mortality differ from the relationships between heat and respiratory-, renal-, and 
cardiovascular-related mortality? The overall relationships between each mortality type differ, 
with renal-related mortality seeing the lowest increase in mortality at higher temperatures across 
all county regions. This result is likely due to the smaller sample size of renal-related deaths 
(Table 4) relative to the other types of mortality. However, the regional variations in the 
relationships between all types of mortality investigated are largely similar, with the Urban 
Piedmont seeing the largest increase in all types of mortality at higher temperatures relative to 
other county regions.  
Overall, this study defined relationships between heat stress metrics, specifically air 
temperature, Heat Index, and WBGT, and four types of mortality (all-cause, cardiovascular, 
renal, and respiratory). Comparing the relationships between each heat stress metric and 
mortality as well as model robustness demonstrates the potential for utilizing WBGT to predict 
population-level health outcomes relative to the commonly used metrics of air temperature and 
the Heat Index.  
While this study validated the use of WBGT as a predictor of population-health outcomes 
for this study area, there were several limitations. First, WBGT was estimated from 
instantaneous hourly weather station observations. Given the high variability of WBGT at fine 
temporal scales, it is possible the highest WBGT values occurred at instances not sampled, which 
introduces uncertainty into the accuracy of the calculated daily maximum WBGT. Second, there 
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were differences in the methodology for estimating WBGT dependent upon the weather station, 
with weather stations on the ECONet network being the only stations directly measuring solar 
radiation. While the conversion of cloud cover percentage to estimates of solar radiation at 
ASOS and AWOS weather stations did not deviate significantly from closely neighboring direct 
measurements of solar radiation (Table 3), this conversion still introduces potential accuracy 
issues with WBGT estimation. Third, the logarithmic downscaling of wind speeds from 10-
meters to 2-meters is another source of potential bias in estimating WBGT due to a variety of 
factors which could affect the accuracy of this downscaling, specifically microclimatic 
influences such as differences in surface-roughness between weather station locations. 
Furthermore, the accuracy of this logarithmic downscaling depends upon solar radiation 
measurements that serve as an indicator of surface-level warming and thus atmospheric stability. 
Although the Solar Radiation Delta-T (SRDT) method for downscaling wind speeds used in this 
study is widely utilized and recommended (US EPA, 2000), the potential bias in this method is 
compounded by the required conversion of cloud cover measurements to solar radiation 
estimates at weather stations on the ASOS and AWOS networks. Lastly, the classification of an 
individual’s environmental exposure was based on assigning daily weather statistics from 
weather stations, i.e. point locations, to each death record based on county of residence, which 
assumes the individual resided at the place of exposure and that the conditions at the closest 
weather station represented that exposure. If this were not the case, there is an increased chance 
of exposure misclassification. The use of weather station data, which allowed for WBGT 
estimation, in place of alternatives such as gridded weather data offers a more generalized 
exposure classification since the conditions recorded at weather stations may not be 
representative of the everyday exposure of individuals. However, these assumptions are 
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somewhat unavoidable without direct measurements of an individual’s everyday environment 
(Kuras et al., 2017; Sugg, Stevens, & Runkle, 2019).  
The finding that WBGT is a more robust predictor of mortality than air temperature and 
the Heat Index is significant since this contrasts other studies, such as Vaneckova et al. (2011), 
that have not identified significant improvement in predicting heat-related mortality with the use 
of WBGT instead of more common indices. One potential reason for contradiction between the 
findings presented here and those in Vaneckova et al. (2011) could be due to the authors’ use of 
a simplified WBGT calculation, a calculation which only required air temperature and water 
vapor pressure. The research presented here, however, employed the standard weights for each 
component of WBGT (Equation 1) and utilized the empirical model found to provide the most 
accurate estimation of this index (Lemke & Kjellstrom, 2012). While this study points to WBGT 
as a more robust predictor of mortality, research is needed in other regions to confirm this 
finding. Furthermore, future research should investigate the ability of WBGT to predict 
additional health outcomes, such as heat-related morbidity, relative to other heat stress 
indicators. Lastly, this study has also demonstrated the potential for WBGT to be utilized as a 
basis for future population-level heat-health warning systems (HHWS); and since more 
environmental variables are incorporated into WBGT relative to Heat Index, incorporating 












Exposure to environmental heat causes the most weather-related deaths in the United 
States (NOAA, 2018). Current efforts to safeguard human health in times of extreme heat 
involve variants of heat-health warning systems (HHWS). In the United States, the National 
Weather Service relies upon the Heat Index to determine if conditions are dangerous enough to 
warrant the issuance of a heat advisory or extreme heat warnings. However, the Heat Index has 
been critiqued for not incorporating the effect of all of the environmental variables impacting 
human body temperature, since it only accounts for the effect of air temperature and humidity 
(Hondula et al., 2014). The research presented here addresses this concern by assessing the 
ability of wet bulb globe temperature (WBGT) to predict population-level health outcomes in 
comparison to both Heat Index and air temperature. Specifically, this research analyzed the 
relationships between three heat stress metrics, (1) air temperature, (2) the Heat Index, and (3) 
WBGT, and mortality (2000-2016) across North Carolina. 
Analyzing the relationship between the three heat stress metrics and four types of 
mortality (all-cause, cardiovascular-related, renal-related, and respiratory-related) revealed 
distinct regional differences in the magnitude increase of mortality at increasing temperatures. 
The relationship in the Urban Piedmont region between WBGT and all types of mortality 
investigated displayed the largest increases in mortality at increasing temperatures. Importantly, 
when comparing the models each utilizing one of the three heat stress indicators as the 
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temperature exposure variable, models using WBGT were more robust based on AIC 
comparison.  
Overall, this research presents two practical implications. First, future efforts to improve 
HHWS could consider using WBGT alongside the Heat Index, since this study found that 
WBGT was a more robust predictor of all-cause mortality, as well as cardiovascular-, renal-, and 
respiratory-related mortality. Second, this research detailed a methodology for estimating WBGT 
from ASOS and AWOS weather station data, specifically circumventing the issue related to 
weather stations on these networks not directly measuring solar radiation. Future analyses 
deducing relationships between health outcomes and temperature could utilize this methodology 
to estimate WBGT across any network of weather stations (e.g., ASOS and AWOS). 
3.1 Future Work 
Future work should investigate the following lingering questions. First, it is assumed that 
the variability of WBGT values across space is higher than the variability of air temperature and 
Heat Index. This assumption is based off the fact that WBGT incorporates the effects of wind 
speed and solar radiation which can vary greatly over small spatial and temporal scales. Rapid 
changes in cloud cover, and thus changes in solar radiation, has been previously identified as a 
challenge for directly measuring WBGT (Kopec, 1977; Lundgren et al., 2014), thus the effect on 
estimating WBGT would be assumed to be even larger. Quantifying the decay in accuracy of 
estimated WBGT at increasing distances from the weather stations at which it is estimated would 
greatly inform this concern with the high spatial variability of WBGT.  
Second, it may be possible to improve the estimation of solar radiation from cloud cover 
data at ASOS and AWOS stations beyond the methodology that was developed here, which 
could improve the accuracy of the estimated WBGT. In this research, the cloud cover percentage 
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reported at each level were all averaged to produce a singular cloud cover percentage per 
observation that was then used to modify maximum possible solar radiation. One potential 
alternative is to calculate a weighted average of the cloud cover percentage, with weights 
dependent upon the cloud cover height, since clouds at varying levels do not block solar 
radiation equally, as assumed here.  
Third, further stratification of the health outcome data based on age, race, and other 
demographic and socioeconomic factors could better delineate the overall ill health burdens due 
to heat, the regional differences therein, as well as the ability of specific heat stress metrics to 
more robustly define these heat-health relationships. Since WBGT is commonly used in 
occupational and athletic settings, analyzing the relationships of WBGT with injuries or deaths in 
these settings could elucidate the utility of existing WBGT flag categories and corresponding 
heat safety recommendations (Table 2). 
Lastly, the findings of this research that urban areas show a higher heat-health burden 
contrasts with previous research on the impact of extreme heat on heat-related morbidity in 
North Carolina (Kovach et al., 2015; Sugg et al., 2016). An important distinction is that the 
research presented here is focused on mortality while prior research focused on morbidity that 
was specifically coded as heat-related. While this distinction is a possible explanation for the 
contrasting results, this contrast supports the need of future research to identify the relationships 
between WBGT and morbidity, particularly HRI, to further assess the ability of WBGT to 
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